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Abstract: Indoor air quality typically encompasses the ambient conditions inside buildings and
public facilities that may affect both the mental and respiratory health of an individual. Until
the COVID-19 outbreak, indoor air quality monitoring was not a focus area for public facilities
such as shopping complexes, hospitals, banks, restaurants, educational institutes, and so forth.
However, the rapid spread of this virus and its consequent detrimental impacts have brought
indoor air quality into the spotlight. In contrast to outdoor air, indoor air is recycled constantly
causing it to trap and build up pollutants, which may facilitate the transmission of virus. There are
several monitoring solutions which are available commercially, a typical system monitors the air
quality using gas and particle sensors. These sensor readings are compared against well known
thresholds, subsequently generating alarms when thresholds are violated. However, these systems
do not predict the quality of air for future instances, which holds paramount importance for taking
timely preemptive actions, especially for COVID-19 actual and potential patients as well as people
suffering from acute pulmonary disorders and other health problems. In this regard, we have
proposed an indoor air quality monitoring and prediction solution based on the latest Internet of
Things (IoT) sensors and machine learning capabilities, providing a platform to measure numerous
indoor contaminants. For this purpose, an IoT node consisting of several sensors for 8 pollutants
including NH3, CO, NO2, CH4, CO2, PM 2.5 along with the ambient temperature & air humidity is
developed. For proof of concept and research purposes, the IoT node is deployed inside a research
lab to acquire indoor air data. The proposed system has the capability of reporting the air conditions
in real-time to a web portal and mobile app through GSM/WiFi technology and generates alerts after
detecting anomalies in the air quality. In order to classify the indoor air quality, several machine
learning algorithms have been applied to the recorded data, where the Neural Network (NN) model
outperformed all others with an accuracy of 99.1%. For predicting the concentration of each air
pollutant and thereafter predicting the overall quality of an indoor environment, Long and Short
Term Memory (LSTM) model is applied. This model has shown promising results for predicting
the air pollutants’ concentration as well as the overall air quality with an accuracy of 99.37%, precision
of 99%, recall of 98%, and F1-score of 99%. The proposed solution offers several advantages including
remote monitoring, ease of scalability, real-time status of ambient conditions, and portable hardware,
and so forth.
Keywords: Internet of Things (IoT); COVID-19; indoor air quality; classification; predictive analytic
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1. Introduction
In the wake of the COVID-19 pandemic, it is crucial to maintain the norms of so-
cial distancing and keeping oneself indoors to minimize the odds of catching the virus.
The work from home culture has been increasingly adopted leading to increased number
of people utilizing the household buildings for longer durations. Such practices can ensure
the compliance of COVID-19 standard operating procedures (SOPs) but at the same time
they can adversely affect the indoor air quality. Due to the enforcement of lock down,
people are now spending 90% of their time indoor, causing the pollutant levels to be as
high as 100 times the levels encountered outside [1].
As of today, people’s major concern is to lower the rampant spread of COVID-19
and implementing precautionary measures to ensure that chances of encountering virus
are minimised [1]. Scientists around the world are engaged in developing a vaccine for
COVID-19 and some successful stories have been published but until now the availability
of the vaccines in bulk and its outreach world-wide is not certain. The general recommenda-
tions on alleviating the risk of catching COVID-19 mainly emphasizes on hand sanitation,
applying disinfectants, wearing masks, and avoiding symptomatic people. However, it
is important to assimilate this fact that the virus transmission can occur both through air
and from physical contact [1]. In order to minimize the chances of being infected with this
disease, it is important to understand and monitor the air quality of enclosed environment
(such as home, hospitals, offices, shopping malls, meeting rooms etc.) which are centrally
controlled by Heating, Ventilation, and Air Conditioning (HVAC) systems. It is not only
the COVID-19 that can be spread through poor indoor conditions, there are other viruses,
allergens, and diseases which generally spread through a central HVAC system.
Recently, several research studies have been done to explore the impact of air pol-
lution on raising the susceptibility of COVID-19, which may increase the death ratio [2].
The patients of COVID-19 are more likely to be affected if they inhale the air which contain
high concentration of pollutants such as NO2, CO2, PM 2.5 and so forth. In Reference [3],
researchers from the Harvard University, USA, performed an analysis on the environmental
data of 3080 countries in USA, which demonstrated the association of air pollutant, PM
2.5, with the COVID-19 vulnerability. Similarly, another study presented in Reference [4]
revealed that the contaminated areas with an increased concentration of PM 2.5 particles
& NO2 resulted in the highest number of COVID-19 cases with double mortality rate.
The main reason of COVID-19 to be more lethal in the exposure of air pollution is that
both are linked with the respiratory system as discussed in Reference [5]. Another study
presented in Reference [6] described the facts that if the concentration of PM 2.5 in a country
is 15 µg/m3, its death ratio caused by COVID-19 will be 4.5 times higher as compared to
the country where the concentration of PM 2.5 in 5 µg/m3. Hence, it has become more
crucial to control the air pollution to minimize the effect of COVID-19 on human life.
High relative humidity can significantly cause an increase in other toxic pollutants
and suspend the dust in the air which can lead to respiratory diseases such as Chronic
Obstructive Pulmonary Disease (COPD). In order to reduce the air pollution and curb
the transmission of this virus through air, it is recommended to maintain relative hu-
midity (RH) upto 40% to 60%. People with these respiratory conditions are at increased
risk of catching corona and for these highly vulnerable groups increased monitoring is
required [1,7,8]. In order to create a safe indoor air quality conditions, it is important to
install the humidification system to complement the optimized ventilation. This would
greatly help to lessen the transmission of seasonal flu and reduce economic burden on
the government [1].
In addition to maintaining the right levels of humidity, it is vital to observe the CO2
concentration as well in the closed environment. Due to the adoption of work from home
model, people are staying more at home, which eventually increases the emissions of
CO2 indoors. Humans, being the major source of indoor CO2, continuously exhale it,
and typically remain oblivious of its harmful effects especially in walled environment [8].
The amount of CO2 breathe out by an individual is trivial, however, its level tends to
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rise with the increase in number of occupants in a particular setting. Such instances
can negatively affect the environment if the supply of fresh air is not well maintained.
This can also adversely impact the human health especially those already suffering from
respiratory disorders.
Indoor setups such as healthcare units, where the increased number of people in wards
and also waiting rooms contribute to raise the levels of CO2 in these establishments.
The number of corona cases are on the rise and maintaining social distancing and acceptable
air quality is usually difficult in hospitals and is compromised at the cost of providing
medical treatment on high priority to the emergency cases of this pandemic.
The monitoring of CO2 concentration is crucial owing to the fact that it is a colorless
and odorless gas and is invisible to naked eye. Undetected and unmaintained levels of this
gas can lead to critical health risks. It is important to optimize the ventilation and allow
a continuous flow of fresh air while reducing the indoor air pollutants.
In addition to monitoring CO2 levels, it is important to observe the levels of Nitrogen
dioxide (NO2) as well. The interior NO2 is mainly attributed to the infiltration of ambient
NO2 and the potential indoor combustion sources. The common ambient sources of NO2
are mainly the vehicle exhausts, and industrial emissions. In most of the public buildings
such as hospitals, offices, educational institutes, shopping complexes, hotels and so forth,
the common indoor sources of NO2 are the central HVAC systems, space and water heaters,
furnaces and so forth. The NO2 emissions from these systems are nominal if they are
properly vented. However, the NO2 saturation may reach to alarming levels if the exhausts
from these appliances are not effectively vented out of the building [9]. The level of ambient
NO2 varies considerably between buildings as it primarily depends on the factors such as
outside air flow or wind direction, the number and frequency of opening of the doors and
windows throughout the day, the location and proximity of the building close to highways,
commercial roads, residential roads or industrial areas.
Although the lock down has been eased by the governments across various countries,
the workplaces such as private offices, educational institutes, software houses are still
remotely functional, making the monitoring and management of indoor air quality more
important than it was ever before. Additionally places such as shopping malls which were
entirely closed during the lock down, are not safe to visit immediately after the lock down
release. Due to the closed malls for longer periods with no alternative ventilation mech-
anism effective other than HVAC systems (which were also powered off), has increased
the humidity beyond safe levels, thus creating a favorable environment for the fungus to
grow. This has caused the mold to appear on leather goods and fungus in Air Conditioner
(AC) ducts. With the openings of these malls and resumption of HVAC systems, the fungus
in the ducts of these systems will float in air due to enclosed surrounding and may enter
into the visitors’ respiratory tract, irritating their air ways and causing infection.
All of the above health risks are dominating in the current indoor environments largely
owing to the absence of indoor air quality monitors in public facilities, where the individu-
als remain unaware of the quality of air they are consuming. The challenge is to monitor
and improve indoor air quality during the pandemic especially with the current restrictions
and partial lock down that the COVID-19 has on the citizens. Therefore, it is essential to
have an indoor air quality monitoring and analyses system that has a supervisory role for
the facility managers, staff members and tenants of the building [7].
For this purpose, we have proposed an indoor air quality monitoring and predictive
analytic system by integrating the latest technologies such as IoT and machine learning.
The system has a capability of monitoring and reporting the air conditions in real time
to a web portal and mobile app. The color coded info graphics help the user to easily
understand the status quo of the air quality. The predictive analysis is based on the trend
of the pollutants’ data collected over time and predicting their values in near future to
promptly take remedial measures. The main contributions & novelties of the proposed
system are highlighted below:
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• The existing air quality monitoring systems generally monitor PM 2.5 along with tem-
perature and humidity but the proposed system focuses on the multiple air pollutants
including Carbon Dioxide (CO2), Particulate Matter (PM) 2.5, Nitrogen Dioxide (NO2),
Carbon Monoxide (CO), Methane (CH4), temperature and humidity. The predictive
analysis of air quality based on these pollutants make the proposed system more
attractive and reliable as compared to the existing systems.
• The web portal is developed which provide real time data of air quality which further
helps to compute Air Quality Index (AQI), since time series data of 24 h is required to
compute AQI.
• The proposed system provides predictions of air quality in next time stamps which
helps to take preemptive actions timely. The existing air quality monitoring systems
typically provide status of the air quality & generate alerts accordingly but generally
do not provide prediction of air quality for next time instances.
The limitations of this work include the assessment of the indoor air quality in a ubiq-
uitous fashion which entails several IoT nodes to be placed at distance relative to each
other. The long term monitoring of air quality is a demand of the indoor workplace as grab
sampling or data captured in specific windows would not provide the true indoor ambient
assessment of a workplace. This long term data acquisition poses challenges owing to
the sensor life time, and calibrations issues.
The rest of the paper is organized as: Section 2 describes the Related Work, Section 3
explains the proposed system, Section 4 delineates the methodology, Section 5 presents
the results and discussion and conclusion and future work are discussed in Section 6.
2. Related Work
In recent times, particularly the developing countries have witnessed tremendous
growth in the problem caused by poor air quality. Unfortunately, the awareness regarding
this issue is still very low among the citizens. This is mainly attributed to the lack of suitable
products available in the local market that can help people to understand the air they are
breathing in both (indoor and outdoor) environments. Traditionally, the air quality is mea-
sured manually, where a sample of the air is collected from the environment and analyzed
in laboratories using specialized equipment such as mass spectrometers, electron mobility
spectrometers and X-Ray fluorescence Spectrometers as discussed in References [10,11].
This method has the benefit of being accurate and reliable but it does not provide data
in real time. The reporting of data in real time is crucial in events where the air quality
decreases substantially and emergency alerts integrated with remedial measures have to
be put in place.
Several research have reported that poor indoor air is relatively more lethal than
poor outdoor air quality [12,13]. As of today, majority of the rural population residing
in developing states are using cheap methods of producing energy for cooking and heating
purposes including raw biomass and unmaintained hobs or stoves. These low cost methods
are the factors for worsening the indoor air and exposing the occupants of the house
to low quality environment leading to poor health conditions [12,13]. However, due
to the advancement in technology, these poor and cheap methods of heating are now
rapidly being replaced by electric powered heating devices. Considering the significance
of indoor air quality there are several studies and platform developed by researchers to
combat the poor indoor air quality and a review of several such systems including their
architectures is described in References [13–15]. In Reference [16], a review of the several
factors responsible for NO2 emission and it’s negative impacts on human respiration have
been discussed. The review study investigates how NO2 levels influence the enclosed
environment such as schools and offices and found that NO2 concentrations in schools and
office settings did not comply with World Health Organization (WHO) standards [17].
It was concluded from the review of existing literature that the ambient NO2 should
not be considered the only factor while evaluating the individual exposure to NO2.
There are other factors as well which significantly contribute to raise NO2 exposure and ad-
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versely affect the human respiratory system. These include opening of building windows
during peak hours, or use of appliances which release NO2 such as central heating systems.
In the end, the effective ventilation strategies have been discussed to reduce the levels of
indoor NO2 below WHO guidelines.
In Reference [18], the monitoring of various indoor pollutants which are critical to
human health and may become the cause of sick building syndrome has been discussed.
This syndrome may affect the skin, eyes and vital body functions including nervous
and respiratory systems. The currently available off-the-shelf systems for environment
monitoring are very costly and not feasible to deploy in numbers. In addition to this, these
systems generally collect random samples for analysis purposes. Nexus to the above, this
paper proposed a relatively inexpensive indoor air quality monitoring system for the well-
being of the building occupants. The system was developed using Arduino platform for
programming, XBee components for communication, sensors (air temperature, humidity,
carbon monoxide, carbon dioxide and luminosity) for sensing air quality and a web portal
for data management and visualization. The results obtained from the system have shown
that the prototype made was effective for indoor air assessment and would be useful
for public health units for mitigating the growth and risks of maladies related to poor
indoor environmental conditions. Likewise in Reference [19], an IoT based indoor air
monitoring system is described which records the air quality data and send it to the web
server for visualization and classification purposes. In Reference [20], the infrared sensors
have been used to record the temperature of the laboratory which was used for class
activities. The infrared sensors provide a contact less approach to measure the temperature
of the laboratory to assess the comfort level of the indoor environment. The thermal comfort
of a building is mainly dependent on the number of occupants and the concern regarding
this comfort may become significant if the number of individuals inside a building increases.
This system was based on IoT for real time temperature data transmission to a web portal,
where all the temperature readings were archived and retrieved for the purposes of trend
analysis. Similarly in Reference [21] a real time indoor air quality system for monitoring
laboratory environmental conditions has been proposed, where, the data collection system
is based on IoT architecture named iAQ Plus (iAQ+). The proposed system consists
of a web portal for data management as well as a mobile app for displaying data and
historical analysis of the laboratory air quality. In Reference [22], a smart data transmission
strategy has been discussed by applying it on the air quality data set. The optimal use
of physical resources is central to IoT based systems, particularly in those settings where
data is produced and ingested in voluminous amounts. The large volumes of data surge
the requirement for data storage and processing resources. Additionally, the transmission
of huge amount of data may clog the network bandwidth which may become critical for
applications such as air quality monitoring, where the delayed transmission or loss of
important data may lead to critical consequences. The results achieved from the proposed
data compression and prioritization technique have shown to reduce latency and minimize
loss of critical data.
In Reference [19], an IoT based platform for air quality monitoring is presented
along with a web portal and a mobile application to facilitate the user to check the air
quality. A device named as ’Smart-Air’ is developed which is comprised of several sensors
to collect air quality data including dust, smoke, CO2, CO, and temperature-humidity.
The collected data is transmitted to the web server using Long term Transmission (LTE)
modem for further processing. Similarly, another system to monitor air quality is presented
in Reference [23], in which 4 air pollutants are recorded including PM2.5, O3, CO & NO2.
A firebase web application along with the mobile application is developed to visualize
the status of air quality. In Reference [24], a proposal to develop IoT based system for air
quality monitoring is presented in which three sensors are suggested such as PMSA003,
MQ-131 and MICS-6814 which record air pollutants including PM 2.5 & PM 10, Ozone,
Carbon Monoxide, NO2 and Ammonia. The systems presented in References [19,23,24]
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provide the hardware structure to monitor the air quality but no data processing and
analysis is presented.
In developing countries like Pakistan, the environment monitoring units are respon-
sible for observing and tracking the air quality and the spread of pollution data. Dur-
ing 2006–2009, the Japanese International Cooperation Agency (JICA) supported the gov-
ernment of Pakistan to install air quality monitoring systems in five major cities including
Islamabad, Lahore, Karachi, Peshawar and Quetta. But due to lack of budget and in-
adequate maintenance the system network was not managed properly and had to be
suspended in 2014. The data collection was infrequent and unreliable and was not ana-
lyzed. Additionally, the placement of system in the provincial capitals was criticized as
they were not placed in the critical zones of the cities, where the pollution was maximum
and the systems were constantly interrupted because of power cut offs [25]. The population
of Pakistan is increasing at a staggering rate which also naturally increases the number
of vehicles on the road, number of products produced in the industry, the amount of
energy generated and so forth. Owing to this, there is a dire need to deploy accurate and
reliable automatic air monitoring systems to assess the level and spread of air pollutants
in the surrounding and across the country. The motivation of building such a system
came from the air quality problems currently faced by the country for the last few years.
The metropolitan cities in Pakistan like Lahore, Karachi, and Faisalabad [26–28] suffer
terribly from low air quality as shown in Figure 1.
Figure 1. Air Quality Comparisons in different cities of Pakistan [29].
This poor air quality ultimately gets indoor and impact the ambient conditions inside
the buildings such as shopping complexes, hospitals, classrooms, offices and so forth,
and may affect human health, and work performance. The monitoring of indoor air quality
is important mainly because humans spend most of their time breathing indoor air and
in the wake of COVID-19 pandemic its monitoring has become even more significant. As
of today, there is no local and indigenous solution available in the local market that could
serve the purpose.
Towards such end, we have proposed a solution that can measure a variety of in-
door air quality parameters and provide useful information to the individuals to better
understand the air they are consuming. The system not only classify the data as health or
unhealthy but also forecast the indoor air quality to provide actionable insights. Addition-
ally, it can trigger alerts in response to critical event to take remedial measures. The system
can be deployed in the hospitals, shopping malls, gyms, offices, and homes and so forth.
In order to realize the proposed system, the internet of things (IoT) nodes based on air
quality were developed, which are capable of sensing the presence and concentration of
air pollutants and subsequently transmitting the collected data to the web and mobile app
through GSM or WiFi technology for data visualizations and further analysis. The pro-
posed system affords several advantages including remote monitoring, ease of scalability,
provides real time status of ambient conditions, and a portable hardware and so forth. This
allows the system to be deployed in numbers in various parts of the building to acquire
the data of the inner premises and classify the air quality within different segments of
a building and predict it temporally for mitigating poor air.
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3. Proposed System
The major building blocks of the proposed systems are IoT node comprising of air
quality sensors, communication module for data transmission, and the local server for
archiving data and managing the content of web portal and mobile app. The overall block
diagram of the entire system is shown in Figure 2.
Figure 2. Architecture of the Proposed System.
The details of the above mentioned building blocks are described below.
3.1. Selection of Indoor Air Quality Parameters
The air pollutants are chosen considering the indoor environment to be monitored
by the proposed system. Additionally, the selected air pollutants have more contribu-
tion to the air pollution as compared to other such as VOCs, formaldehyde and others.
The detail of the selected air pollutants for the proposed indoor air quality monitoring are
described below:
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• Carbon Dioxide (CO2) is considered an air pollutant because of its emissions from
increasing number of vehicles on the road. It is a common greenhouse gas which can
trap heat in the atmosphere and lead to increased temperatures. CO2 contributed by
other sources can make its way indoors. In addition to this, the building occupants are
the main source of exhaling this gas and can be detected with the help of the proposed
system [27].
• Particulate Matter (PM) 2.5 is a term used for any particle the width of which is less
than 2.5 microns. They are seemingly invisible to the naked eye but can travel further
down into the lungs. The short term exposure can cause irritation to eyes and nose
and the long term exposure can result in cardiovascular and respiratory diseases.
During COVID-19 pandemic, it is important to detect PM 2.5 owing to its negative
impact on pulmonary functions [28].
• Nitrogen Dioxide (NO2): The long term exposure to NO2 levels can contribute to
a decrease in lung function over time and can increase the risk of respiratory diseases.
It has also been known to affect children more and can increase allergic response to
the inhaled pollen. Due to the above mentioned reasons it is crucial to measure NO2
concentration especially during this pandemic [26].
• Carbon Monoxide (CO) is generated primarily when there is a combustible process
and the oxygen is in limited amounts. This scenario is very common in households
during winters when gas heaters are used. CO is a highly poisonous gas that can
be fatal. Therefore, the monitoring of CO in real time can help to avoid unfortunate
circumstances [30].
• Methane (CH4) is a common constituent of natural gas and widely used for domestic
purposes. Sometimes, due to lack of proper management, the gas pipes can leak and
create dangerous circumstances which could lead to fire. The sensor used in the pro-
posed system can provide real time data about the concentration of CH4 indoors.
• Humidity refers to the amount of water vapors in air. In indoor situations humidity
can contribute to poor air quality. It supports the growth of microorganisms such
as mold and different bacteria can thrive more in humid environment. As of today
it is presumed that humidity levels beyond WHO recommendations may facilitate
the transmission of COVID-19. For these reasons, it is important to monitor the air
humidity indoors [31].
• Temperature: The higher air temperatures can influence the air quality in the sense
that it can speed up different reactions that actually contribute to the already polluted
air. The proposed system is using a temperature sensor to measure the air temperature
in real time with fairly competitive accuracy [31].
3.2. Development of Indoor Ambient Sensing Node
The development of an indoor air quality sensing nodes involves the selection and
mounting of sensors on PCB board along with the micro-controller and communication
module. The details of the selected sensors and other components are described below:
3.2.1. Sensors
• Grove—Multichannel Gas Sensor: This is a multiple gas sensor that can sense sev-
eral gases including Carbon Monoxide, Ammonia, Nitrogen Dioxide, and Methane.
The concentration of gases is provided in parts per million [32]. This sensor is cali-
brated using the code provide by the manufacturer (SeeedStudio.com) where sensor
is placed in fresh air for almost 30 min as per the given instructions.
• MH-Z19: This sensor is developed by Winsen Sensors and can detects the concentra-
tion of Carbon Dioxide in parts per million [33]. This sensor is calibrated by placing
it in the open air (CO2 approx.: 400 ppm) for 20 min and sending commands given
in the sensor’s datasheet.
• DHT11: This is a sensor commonly available based on a thermistor and a humidity
sensing resistive element. It is used to monitor ambient temperature and humidity [34].
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To calibrate this sensor, the temperature & humidity values are measured in an
environment with known temperature and humidity and then the offset are computed
by comparing the observed values with the true values.
• HM3301 Laser PM 2.5 Sensor: This is an optical sensor that uses the diffraction of
laser light in order to calculate the concentration of PM 2.5 in the environment around
it [35]. This sensor does not require calibration due to its built-in compensation for
temperature and humidity as discussed in Reference [36]
3.2.2. Micro-Controller and Communication Module
• ATmega328P: This micro-controller is selected owing to its low cost, easy availability,
and popularity of Arduino development boards. It is a 28-pin micro-controller that
runs on 16 MHz external clock which is amply sufficient for our application [37].
• NodeMCU WiFi Chip: NodeMCU is selected as the WiFi chip of choice for the com-
munication of the device with the internet. The micro-controller gathers data from all
the sensors and relays it over the WiFi chip which then uploads it to the web portal.
A prototype for indoor air quality monitoring using the above mentioned components
is developed where power is externally applied with no battery power. However, the power
consumption of the developed indoor air quality node is around 0.75 Watts. An external
battery can also be used to supply power for instances a 3000 mAH battery can run
the indoor air quality node for 20 h with a single recharge.
3.2.3. PCB Designing and Development
The PCB of the proposed system is designed and developed in-house. It is the base that
houses the micro-controller, WiFi chip and the connectors for different sensors. The hard-
ware architecture diagram and the developed IoT node are shown in Figures 3 and 4,
however, the PCB schematics is shown in the Appendix A (Figure A1).
Figure 3. Hardware Architecture of Indoor air quality monitoring node.
Figure 4. Indoor air quality monitoring node.
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3.3. Development of Web Portal and Mobile App for Data Visualization
The web portal developed is the fundamental software infrastructure running on
the local server that managed all the incoming data from the hardware nodes. The back-
end system continuously listen for the data and archive it into a structured database.
The main purpose of web portal development is the data management and visualization
where it depicts the incoming data from the network with the help of various info graphics.
Additionally, it is useful in accessing the raw values in order to get a detailed view of the all
the parameters being reported by the system. Further, a mobile application is developed
for the Android platform that displays the data in real time with some supportive info
graphics. The screen shots of the web portal and mobile app are shown in the Figure 5,
and Figure 6. The color coded values displayed on the web portal and mobile app are
indicative of the varying levels of air quality, ranging from safe to unsafe zones. In Figure 6,
the number indicates the concentration level of a particular pollutant, whereas its color
indicates if it lies in the safe range or unsafe range.
Figure 5. Web portal showing the data collected from indoor air quality IoT node.
Figure 6. Screenshots of Mobile app showing color coded data and ranges defining different level
of air pollutants (green color represents good air quality whereas dark red color indicate highly
dangerous air quality).
Electronics 2021, 10, 184 11 of 26
4. Methodology
In our proposed system, the air quality data is obtained from IoT node installed
inside the IoT lab to monitor indoor environmental conditions. Since several people
visit the IoT lab to see a number of IoT projects installed there, hence it is considered
suitable to acquire the indoor air quality data. The data from various sensors is generated
at a high temporal resolution, which provided rich data for processing and analysis.
Subsequently, various machine learning and deep learning algorithms are applied on
the acquired data for indoor air quality classification and generating alerts. In order to
predict the air quality data for future instances, LSTM learning algorithm is applied and
model is validated through test data and comparing it with actual values to determine its
reliability. The model performance is tested using the performance measures such as Mean
Square Error (MSE), Mean Absolute Error (MAE) and Root Mean Square Error (RMSE).
The details of various modules of the proposed system and details of each processing step
is described in the following sub sections.
4.1. Data Acquisition
The micro-controller housed inside the IoT node gathers all the data from the sen-
sors, arranges it in the form of a predefined data structures and subsequently transmits
the datagram to the WiFi Chip where it is provided with an internet connection either using
the pre-existing WiFi infrastructure or GSM WiFi dongles. The WiFi module is connected
with the web service deployed in the local server and transferred the data to it, where, it is
stored it in a database. It also provides the service to retrieve the data using APIs. Using
these services, the web portal displays the incoming data in real time and provides various
info graphics to effectively comprehend the data.
The data collection interval is set to 5 min with sensors sampling rate 0.0034/s owing
to the fact that the pollutants spread through a process called diffusion, which is very
slow in case of indoor environment. By reducing the frequency of samples taken, we can
conserve a large amount of energy which could especially be helpful in case of battery
powered systems.
4.2. Data Visualization and Analysis
Several scenarios are recorded to show the variation in data, for instance, data collected
during cleaning activities in lab, during lab visits and so on. The data acquired using
the developed prototype is shown below in terms of charts and thereafter briefly explained.
• Carbon Dioxide (CO2): It is known that CO2 is exhaled by humans and since the lab is
a closed environment, the concentration of CO2 varied greatly depending on the time
of the day and the number of people in the room. Figure 7 shows the variation
in the concentration of CO2 in the lab over the period of 24 h.
Figure 7. Variation in Concentration of CO2 over a period of 24 h.
Typically, the lab remains open from 8 AM to 8 PM and closed afterwards. The con-
centration of CO2 changed with the presence of one or more occupants, which raised
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the concentration of CO2 from 9 AM to 7 PM as shown in Figure 7. However, the lab is
occasionally opened for visitors to see the projects demos of the active projects. In one
such event, there were more than 8 people in the lab, which triggered the concentra-
tion of CO2 into unsafe range as shown in Figure 7 from 4 PM to 5 PM. In contrast
to this, the concentration of CO2 remains constant from the 8 PM to 9 AM which lies
in the safe range due to absence of the occupants.
• Carbon Monoxide (CO): The concentration of CO is close to 0.9 ppm at all times,
which attributed to the safe range of air quality spectrum. The variation in concentra-
tion overtime shown is in the Figure 8.
Figure 8. Variation in Concentration of CO over a period of 24 h.
• Nitrogen Dioxide (NO2): From the data acquired, it is observed that the values of NO2
are consistently above 2 ppm. It is pertinent to mention that the indoor presence of
NO2 is the result of both infiltration of ambient NO2 and NO2 produced by combustion
sources within the building. The major potential indoor source of NO2 in the lab is
building central heating system or HVAC systems. The NO2 emissions are minimal
from the heating systems if it is properly vented and emitted gases are exhausted
effectively outside. However, these emissions may become prominent if the ventilation
is poor, which is the case in the lab as well. Additionally, the heating systems are not
regularly maintained and cleaned, which leads to increased NO2 emissions.
The NO2 profile (as shown in Figure 9) does not correspond to the safe range of the air
quality spectrum owing to its presence in the lab. The majority values reported are
between 2.50 ppm to 3.25 ppm and are shown in Figure 9.
Figure 9. Variation in Concentration of NO2 over a period of 24 h.
• Methane (CH4): Since there is no source of CH4 nearby the lab, the values for CH4
are consistently below 2.0 ppm with ranges from 1.11 ppm to 2.5 ppm as shown
in Figure 10. These values are considered safe for human consumption. Typically,
the indoor sources of CH4 are water heaters, stoves, and clothes dryers which are
combustible by natural gas.
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Figure 10. Variation in Concentration of Methane over a period of 24 h.
• Particulate Matter (PM2.5): PM 2.5 is a crucial parameter for monitoring the air
quality and its value typically depends on the anthropogenic activities and weather
conditions. The Figure 11 shows the high concentration of PM 2.5 from 8 AM to 12 PM
when the lab cleaning activities are performed. It is observable that such an activity
has set the micro particles afloat and has increased the concentration of PM 2.5. After a
while, as the lab became a closed environment again and there is no such activity,
the concentration of PM 2.5 lowered as shown in Figure 11 from 12 PM to 6 PM.
Figure 11. Variation in Concentration of PM2.5 over a period of 24 h.
In order to exhaustively test the system and to make it mature, more data collection and
advanced analytic is required. Until now, we have performed the basic analysis, however
the following section describes the advanced analytic which is essential to provide vital
information regarding the classification of data based on air quality levels using machine
or deep learning models and subsequently prediction of indoor air quality based on
the historical data collected over a substantial period of time.
4.3. Classification of Indoor Air Quality
4.3.1. Data Pre-Processing
The air quality monitoring node is placed in the lab where the data is collected from
December 2019 to March 2020. The collected data consisted of 36,388 records where each
record consisted of eight parameters including NH3, CO, NO2, CH4, CO2, PM 2.5, air
temperature and air humidity. Each of these air pollutants has a specific range relative
its quality class as described in Figure 12, where the information related to the range
of every air pollutant along with its taxonomy that is, ‘Good’, ‘Moderate’, ‘Un-healthy
for sensitive’, ‘Un-healthy’, ‘Very Un-healthy’, ‘Hazardous’ and ‘Highly Dangerous’ is
obtained from References [38–40] and is given below for reference.
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Figure 12. Air pollutants and their quality spectrum [38–40].
The collected data is pre-processed to compensate for the missing values. The main
reason of the missing values is the internet connectivity, for that reason, the data could not
be sent to the server. The bi-linear interpolation is performed to fill the missing values which
are around 1500. Each record is labeled and tagged by a class based on the concentration
and corresponding quality of the individual pollutants. The class is assigned based on
the lowest quality of any pollutant existing in the given record. For instance, if CO2 is
representing ‘Very Unhealthy’ class and rest all the pollutants in that record are belonging
to either ‘Moderate or Unhealthy’ category, then considering the lowest quality of CO2,
the record will be labeled as ‘Very Unhealthy’. Based on this strategy, the data was labelled
into 5 classes instead of seven classes, because there are no records which belong to
the classes ‘Good’ and ‘Moderate’ due to higher concentration of the observed pollutants.
These classes include (i) ‘US: Un-healthy for Sensitives’, (ii) ‘UH: Un-healthy’, (iii) ‘VU:
Very Un-healthy’, (iv) ‘HZ: Hazardous’, and (v) ‘HD: Highly Dangerous’. Figure 13
shows the glimpse of the data-set with eight features. There are 32,033 records of class
‘HD’, 535 records of class ‘HZ’, 3628 records of class ‘VU’, 178 records of class ‘UH’ and
14 records of class ‘US’ in the collected data-set. After labeling, the data-set is split into
training and testing in ratio of 70:30 respectively with 25,471 records in the training data-set
and 10,917 records in the test data-set.
Figure 13. Fragment of Collected Data-set.
4.3.2. Classification
In order to perform classification, four supervised machine learning algorithms are
selected which are suitable for the data-set. These classification algorithms are briefly
discussed below:
• Support Vector Machine (SVM): SVM is large margin classifier which uses some kernel
function to classify the data. In the current scenario, the kernel function ‘Radial basis
function’ is selected for classification.
• K-Nearest Neighbour (KNN): KNN is another classification algorithm which uses
some similarity measure to find distance between records belonging to different
classes. In KNN, ‘K’ is hyper-parameter that is selected on hit and trial method.
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For the data-set used in this research work, K is set to 4 for optimal results and
euclidean distance is used as a similarity measure.
• Naive Bayes (NB): The NB is a supervised classification algorithm which classify
the records using ‘Bayes Theorem’ based on probabilities.
• Neural Network (NN): NN is a very popular machine learning algorithms which is
used for prediction and classification. NN with one hidden layer containing 10 hidden
nodes is applied on the labeled data. The activation function on hidden layer is ‘Tanh’
and activation function on output layer is ‘softmax’ with loss function selected as















where N: total number of records
yi: Actual label (ground truth) of ith record
ȳi: Predicted value of ith record computed by a classifier.
4.4. Prediction of Indoor Air Quality
In order to predict the indoor air quality, Long and Short Term Memory (LSTM)
network is used which is an advanced form of Recurrent Neural network (RNN) [43].
The developed IoT node for indoor air quality monitoring is placed inside the experimental
lab to record readings of different air pollutants as shown in Figure 13. The captured
readings are time series which are further used to perform predictive analysis. The LSTM
is applied on individual air pollutant to predict its values for next time instances. For this
purpose, LSTM with one hidden layer containing 10 hidden nodes is applied. The ‘mean
squared error’ is used as a loss function with ‘adam’ as optimizer to handle the sparse
gradient to improve the performance of LSTM. For the purpose of prediction, next 50 air
quality readings are predicted. The reason for selecting a short interval for air quality
prediction is attributed to the fact that changes in indoor air pollution of the immediate
future instances are of significant importance for decision making regarding remedial
measures especially in case of COVID-19 pandemic. The prediction results for next 50 air
quality instances are discussed in subsequent sections
In order to apply LSTM to predict the concentration of pollutant gases, feature scaling
is applied to minimize the effect of exploding gradients. In exploding gradient, larger
values of input or weights suppress the model to learn from the data, which results
in the large deviation of predicted values from the actual values. To scale the features,
min-max normalization is applied which maps the feature values into a range of [0–1]




(max−min) + min, (4)
where
X: Original value of a given feature
Xscaled: Scaled value of a given feature
Xmin: Minimum value of a given feature in the dataset values
Xmax: Maximum value of a given feature in the dataset
max: Maximum value of the range i.e., 1
min: Minimum value of the range i.e., 0
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The scaling is performed on all features with large values including CO2, CH4, PM 2.5,
air temperature, and humidity. After feature scaling, LSTM model is applied to predict
the future values of all pollutant gases. While feature scaling resolves the problem of
exploding gradient, at the same time it makes the data to lose its true representation and
meaning owing to data normalization in the range of 0 to 1. To address this, inverse
scale transformation is applied on the normalized features to map them to the original
values. The mathematical expression for inverse scaling is derived from Equation (4),
and expressed as Equation (5) as follows,
X = (Xscaled −min)(Xmax − Xmin) + Xmin. (5)
5. Results and Discussion
5.1. Classification Results of Indoor Air Quality
In order to measure the performance of the classifier, various evaluation metrics have
been used. These include precision, F1 score, and recall along with accuracy which are
computed by Equations (6)–(9) respectively [43,45].
Accuracy =
TP + TN











2 ∗ Precision ∗ Recall
Precision + Recall
, (9)
where TP denotes True positives, TN denotes True Negatives, FP denotes False Positives
and FN denotes False Negatives. Table 1 shows the precision, F1 score, accuracy and recall
of each classification algorithms which is applied on the data-set.
Table 1. Performance Evaluation of the Classifiers.
Model Accuracy % Precision % Recall % F1 Score %
SVM 95.35 95.1 94.9 94.99
NB 98.9 99 98 98.49
KNN 98.47 97.3 98.5 97.89
NN 99.1 99 99 99
The classification algorithms (mentioned in Section 4.3.2) are applied on the indoor
air quality data-set obtained from the IoT node. The performance evaluation of these
classification models is listed in Table 1. It is observed that SVM classifier has demonstrated
the lowest performance as compared to other classifiers. Typically, SVM classifier performs
better on the large data set with significant variation and multiple features. The NB
model outperformed both SVM and KNN, owing to its characteristic of being suitable for
the multi-class problem, as presented in this research work. Hence, it performed well on
the labeled data-set and provided probabilistic predictions with high accuracy. The NN
classifier achieved the highest accuracy, precision, recall and F1 Score among all other
classifiers that is, SVM, NB and KNN as shown in Table 1, which is highlighted in bold
text. There are 69 records which are misclassified as other classes whereas 10,848 records
are correctly classified by NN classifier. It achieved this performance with the model
configuration of one hidden layer containing 10 hidden nodes.
From the above, it can be concluded that indoor ambient conditions can be classi-
fied by applying the machine learning models, where, the relative performance evalu-
ation of the classifiers has shown that NN is the most optimal model among all the se-
lected classifiers.
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5.2. Predictive Analytic of Indoor Air Quality
In order to compare the performance of LSTM on the collected gasses, several per-
formance metrics are used including MSE, MAE and RMSE which are computed by






















(Oi − Pi)2, (12)
where Oi is the true or actual value, Pi is the predicted or estimated value, and N is
the total number of true values. MSE is computed by taking the average of square of
the differences between the actual values and the predicted values. RMSE is computed
by applying the square root averaged square error between actual values and predicted
values. However, MAE is the average of the absolute differences between actual values
and predicted values. Among these evaluation metrics, RMSE imposes high penalty
on the large errors which make it suitable for the application where large error is not
acceptable. However, MSE imposes high penalty on the small error which some time
provide over estimation of error. In contrast of MSE and RMSE, MAE treats the small and
large errors equally.
In order to comprehend the significance of predicting indoor air quality, the key results
have been discussed in the following subsections.
5.2.1. Prediction of CO2
CO2 is considered as a toxic gas which is generally produced by fuel combustion,
industrial processes, and human breathing and so forth. The developed air quality mon-
itoring IoT node was placed inside the lab which is a closed environment, where 5 to
6 individuals typically work from 9:30 am to 5 pm. There is no source of combustion
process in the lab, therefore, the lab occupants are the major source of CO2. The amount
of CO2 exhaled by an individual is trivial but if more than 5 people are in a closed room
with poor ventilation, then the levels may exceed the safe limits. The maximum value of
CO2 observed in the recorded data-set is 1506 ppm which corresponds to ‘Moderate’ class
based on the ranges defined in Figure 12. In order to predict CO2 for future instances,
LSTM model is applied. For this purpose, two type of predictions are performed including
time series forecasting of CO2 after every 5 min and hourly forecasting which are shown
in Figures 14 and 15 respectively. Prior to LSTM training, feature scaling is performed
and after training the model, the original values are restored through inverse mapping.
The performance of LSTM model using all performance measures including MAE, RMSE
and MSE are listed in Tables 2 and 3.
Table 2. Performance Evaluation of the Long and Short Term Memory (LSTM) for every 5 min.
Gass MAE MSE RMSE
CO2 0.05522181 0.00791775 0.08898173
CO 0.02109271 0.00187406 0.04329045
NO2 0.02131099 0.00075064 0.02739786
PM 2.5 0.11468725 0.01429022 0.11954172
Temperature 0.07548273 0.01136971 0.10662883
Humidity 0.07865122 0.01184788 0.10884799
Electronics 2021, 10, 184 18 of 26
Table 3. Hourly Performance Evaluation of the LSTM.
Gass MAE MSE RMSE
CO2 0.09324657 0.01546322 0.12435118
CO 0.02422077 0.00755213 0.08690299
NO2 0.13934513 0.03205927 0.17905103
PM 2.5 0.12350263 0.01681033 0.12965467
Temperature 0.07542943 0.01125118 0.10607159
Humidity 0.06494383 0.00875947 0.09359205
It can be observed from Figures 14 and 15 that the behavior of the predicted values is
very close to the actual trend of CO2, which indicate the high performance of LSTM in fore-
casting the values. The prediction of CO2 is critical as inhalation of higher concentration of
this gas suppresses the respiratory rate, which may affect the cognitive abilities leading to
lower productivity of an individual.
Figure 14. Predicted values of CO2 after every 5 min vs Actual values.
Figure 15. Hourly Predicted values of CO2 vs. Actual values.
5.2.2. Prediction of CO
CO is a colorless, odourless, tasteless and a poisonous gas and exposures to it may have
harmful effects on the human health conditions. If CO is inhaled, it perforates the lungs
and reach the bloodstream, where it affix to the hemoglobin molecules, and debilitate them
to carry oxygen. The continued inhalation of CO leads to the choking of red blood cells and
reduces the ability of blood to supply oxygen to vital organs [47]. The natural concentration
of CO in air is around 0.2 ppm, and that amount is not harmful to humans [48].
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Owing to colorless and odorless properties of CO, if the gas remains undetected, it
may become fatal for a COVID-19 patient, as its inhalation hampers the oxygen supply to
vital organs such as brain, lungs, and heart. The lungs get inflamed or infected in COVID-
19 and a compromised oxygen supply may lead to the demise of the patient. For this
purpose, the monitoring and prediction of this gas has become obligatory in the prevalence
of corona virus.
The CO data recorded in the lab for this research work represents low concentration of
CO and generally belongs to the good class according to the ranges defined in the Figure 12.
The LSTM model is trained for predicting CO concentration for future 50 instances with
the interval of 5 min and one hour. The predicted and actual values of CO are shown
in Figures 16 and 17 respectively. The performance of LSTM for 5 min and hourly predic-
tions is listed in Tables 2 and 3 respectively.
Figure 16. Predicted values of CO after every 5 min vs. Actual values.
Figure 17. Hourly Predicted values of CO vs. Actual values.
5.2.3. Prediction of NO2
NO2 is a poisonous gas and long term exposure to this gas can adversely affect the hu-
man respiratory system. According to the data recorded in the lab for this research work,
the highest value recorded for NO2 is 4.7 ppm, which belongs to the highly hazardous class
according to Figure 12. The natural sources of NO2 is fossil fuel combustion, however, there
is no such source in the lab and the only potential source of NO2 there is the mechanical
ventilation system integrated in HVAC system, which is not often serviced and maintained.
The natural ventilation system is poor and generally the lab windows and door remain
closed all the time. In the wake of COVID-19 pandemic, the significance of measuring NO2
levels has increased owing to the strong association between NO2 emissions and mortality
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rate of COVID-19 [49]. This association is mainly attributed to the increased risk of lungs
infection due to surged levels of NO2 in a facility. The inhalation of NO2 by a COVID-19
patient may exacerbate the health conditions due to inflamed lungs. On the other hand, its
inhalation makes a non-COVID-19 patient more susceptible and vulnerable to this virus by
weakening his immunity to lung infections.
Figures 18 and 19 show the deviation between actual and predicted NO2 values after
every 5 minutes and one hour respectively, where, the performance of LSTM is shown
in Tables 2 and 3. The predicted and actual values lie in the hazardous zone according
to Figure 12. These observations indicate that the ambient conditions of the lab with
ineffective ventilation are highly detrimental and inimical for inhalation especially for
those who are already suffering from pulmonary disorders. Additionally, if a COVID-19
patient is exposed to similar indoor ambient conditions, it may aggravate his already
irritated respiratory tract or lead to the fatality of that individual.
Figure 18. Predicted values of NO2 vs. Actual values.
Figure 19. Hourly Predicted values of NO2 vs. Actual values.
5.2.4. Prediction of PM 2.5
The long term exposure to PM 2.5 is associated with the increased fatality rate of
COVID-19 [50]. The fine dust particles such as PM 2.5 if suspended in air can enter
the bronchi and in the worse case may infiltrate the lungs and impair the tissue by trans-
mitting harmful substances like bacteria, and viruses [51]. The recorded values of PM 2.5
in lab are scaled into range of [0–1], before applying LSTM. These normalized values are
mapped to original values for meaningful visualization of results. The performance of
the LSTM is shown in the Tables 3 and 2 for the forecasting of time series concentration
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of PM 2.5 after every 5 min and one hour. The predicted and actual values of PM 2.5 are
shown in Figures 20 and 21 for both types of predictions.
The PM 2.5 observations are in the moderate class based on the range limits defined
in Figure 12. The prediction of PM 2.5 is of utmost importance particularly in the present
circumstances, when people have adopted the model of work from home and have become
more exposed to this pollutant due to enclosed environment with poor ventilation, anthro-
pogenic activities owing to more occupants at one place, thus leading to large amount of
these fine grained particles to be accumulated and suspended in air and thereafter inhaled.
Figure 20. Predicted values of PM 2.5 after every 5 min vs. Actual values.
Figure 21. Hourly Predicted values of PM 2.5 vs. Actual values.
5.2.5. Prediction of Air Temperature and Relative Humidity
It is presumed that air droplets facilitate the spread of COVID-19. There are several
studies which have investigated the mutation and sustenance of this virus at different
temperature and humidity levels. These studies have revealed that the virus retained itself
for around a week at a temperature range of 22–25 ◦C, with the humidity level between
40–50%. Whereas, at higher temperature and humidity levels, the ambient becomes hostile
for virus transmission [52,53].
In view of the above, it is essential to monitor the temperature and humidity levels of
indoor environments and generate alerts if the recommended range of temperature and
humidity for virus suppression is not maintained. During lockdown, when major indoor
public facilities such as shopping complexes, restaurants, hotels, educational institutes
are closed and no natural or mechanical ventilation system is operational, the humidity
level raises inside the building causing the fungus and mold to grow rapidly. In such
an event, the remote monitoring of interior ambience and generation of alerts in case of
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any anomaly detection is of great importance and this would help to take timely curative
actions, which could minimize the monetary loss.
The observed air temperature recorded in lab is in the range of 18–31 ◦C with humidity
levels between 11–18%. The scale transformation is applied before applying the LSTM
to enhance its performance. The deviation between predicted and actual values of air
temperature and humidity are shown in Figures 22–25 where the prediction performance
of LSTM for both type of predictions is listed in Tables 2 and 3.
Figure 22. Predicted values of Air Temperature after every 5 min vs. Actual values.
Figure 23. Hourly Predicted values of Air Temperature vs. Actual values.
Figure 24. Predicted values of Humidity after every 5 min vs. Actual values.
Electronics 2021, 10, 184 23 of 26
Figure 25. Hourly Predicted values of Humidity vs. Actual values
The LSTM showed promising results for the features considered for indoor air quality,
where, the predicted values of these features would be useful for providing actionable
insights and taking remedial measures.
5.2.6. Prediction of Indoor Ambient Quality Based on the Collective Effect of Air Pollutants
In Sections 5.2.1–5.2.5, the effect of individual gases on indoor air quality is discussed,
where, LSTM is applied to predict the numerical concentration of the each pollutant for
the next 50 time instances. To evaluate the performance of LSTM, multiple performance
metrics are applied including MSE, MAE and RMSE which are based on the differences
between the actual and the predicted values.
However, in this section, we discussed the results of the LSTM on the labelled dataset
with all features to predict the indoor air quality over time. Since the dataset is labelled into
five categorical classes (US, UH, HZ, VU and HD), the evaluation metrics used for assessing
the performance of LSTM include accuracy, precision, recall, and F1-Score, and are based
on the number of correctly classified & misclassified records.
In order to predict the over all indoor air quality over time, the applied LSTM model
has 8 input nodes (8 features), 10 hidden nodes and 5 nodes (for 5 classes). The activation
function used in hidden layer and output layers are ‘Tanh’ and ‘Softmax’ which are com-
puted using Equations (1) and Equation (2) [54]. The cross entropy is used as a loss function
which is computed by Equation (3). The observed accuracy of LSTM on the combined
features is 99.37% with precision of 99%, recall of 98% and F1-score of 99%.
6. Conclusions and Future Work
The monitoring and prediction of indoor environment has become more significant
in the wake of COVID-19 pandemic. The enforcement of lockdown has compelled the adop-
tion of work from home model to protect oneself from this disease. While these preemptive
measures have tended to contain the virus to a certain extent, they have also raised seri-
ous concerns regarding indoor air quality monitoring when public facilities will plan to
fully resume safely and minimize the instances of infection. There are several air quality
monitoring solutions available in the market which offer competitive accuracy but they
generally offer the monitoring feature and do not predict the quality of air for future
instances, which holds utmost importance especially for COVID-19 patients and people
suffering from acute pulmonary disorders. In this regard, we have developed an indoor
air quality monitoring and prediction solution based on internet of things and machine
learning, where NN provided the classification accuracy of 99.1% and LSTM achieved
the prediction accuracy of 99.3% with precision of 99%, recall of 98% and F1-score of 99%.
The web portal and mobile app developed for the proposed system generate alerts for poor
air quality and provide a convenient way to keep oneself aware of and understand the air
being inhaled.
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The limitations of this work include the assessment of the indoor air quality in a ubiq-
uitous fashion which entails several IoT nodes to be placed at distance relative to each
other. The long term monitoring of air quality is a demand of the indoor workplace as
grab sampling or data captured in specific windows would not provide the true indoor
ambient assessment of a workplace. This long term data acquisition poses challenges
owing to the sensor life time, and calibrations issues. For future work, the developed
system can be further enhanced to add more sensors such as radon, formaldehyde and
so forth. In addition to this, the solution can be made fully autonomous by augmenting
the air quality control part. This can be facilitated by ambient computing and including air
filters for screening fine dust particles, automating ventilation exhausts, and controlling
air conditioning based on the sensed and predicted air quality by the system. In addition,
the impact of poor air quality on health and well-being of general public can be studied
and verified using cell toxicology studies and clinical trials.
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Appendix A
Figure A1. PCB Schematics of Indoor air quality monitoring node.
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